Sharing economy has developed rapidly in recent years, but little is known regarding its real effects. This paper examines how a pioneer of sharing economy-Airbnb-affects local economy. Using venture capital infusions as plausibly exogenous shocks to Airbnb's expansion into a new county, we find that Airbnb expansion leads to poorer hotel performance in the local county. Meanwhile, Airbnb expansion appears to reduce unemployment rate and increase household income. Further analysis suggests that increased employment is concentrated in industries that are complementary to Airbnb's business and in employee groups with lower education levels. Our study sheds new light on the real effects of the sharing economy and provides important policy implications for policymakers.
Introduction
Sharing economy, often referred to as "peer to peer" business transactions, has been growing rapidly in recent years. By facilitating individuals to share resources with each other, the emergence of sharing economy has disrupted traditional business models and challenged policy makers with unprecedented problems. On the one hand, sharing economy expands the opportunity set from which individuals or families could generate extra income and lowers the cost of consumers. On the other hand, sharing economy intensifies business competition and increases unexpected criminal cases, and as a result sharing economy casts doubt on this new business model.
1 Therefore, it is important to understand the real effects of the entry of sharing economy on local economy.
Airbnb, a pioneer of the sharing economy, enables people to list or rent short-term lodging in residential properties. Since its foundation in 2008, Airbnb has expanded at a dramatic rate, received both applause and scrutiny from the society, and attracted a fair amount of regulatory attention. It is, however, still unclear to researchers and policymakers how Airbnb affects the local economy, although the understanding of this question is important for policy making. In this paper, we attempt to fill in this gap in the literature and explore the real effects of Airbnb on local economy.
A major challenge of our empirical analysis is that Airbnb's expansion into a county is likely endogenous with unobservable county characteristics, such as the county's economic conditions and local culture. Therefore, a correlation between Airbnb's expansion into a county and local hotel performance, unemployment rate, and household income may tell us little about the causal effect of Airbnb on local economy. We alleviate the endogeneity concern by exploiting plausible exogenous variation in venture capital (VC)'s capital infusions in Airbnb and use it as an instrumental variable for the identification purpose. Airbnb has attracted multiple rounds of VC financing, and each round of financing has largely improved its products and services, which facilitates its entry into new counties and boosts its growth. To the extent that VCs' investment in Airbnb is based on considerations regarding Airbnb's own long-term prospects instead of the economic performance of counties that Airbnb has not entered yet, VC financing of Airbnb affects a county's local economy only through its effect on Airbnb's expansion in the county and hence reasonably satisfies the exclusion restriction.
Another challenge is that Airbnb's entry in a county is endogenous with the county unobservable characteristics. As a result, different counties could have different levels of Airbnb entry and different marginal reactions to VCs' capital infusions in Airbnb. To mitigate this concern, we use an event-time analysis by treating the month of Airbnb's entrance into a county as the event month (i.e., month 0). Under the event-time framework, VC financing shocks happen at different calendar times in different counties, but at similar Airbnb development stages.
Therefore, the event-time analysis has two advantages in our empirical setup. First, it allows us to better capture an average effect of Airbnb expansion triggered by VC financing on local economy. Second, it represents staggered shocks to Airbnb expansion in the cross section and avoids a common identification difficulty faced by studies using a single shock, i.e., potential omitted variables coinciding with the shock could directly affect local economy.
As a first step, to verify the impact of VC financing on Airbnb expansion, we examine the changes in total Airbnb rooms listed on the market after each round of VC capital infusions.
Consistent with our conjecture, there is a significant increase in the number of Airbnb rooms following each round of VC financing. The economic magnitude is sizable: A one additional round of VC financing increases the number of Airbnb listings by 11.7% in the following 3 months.
Next, we examine how Airbnb expansion triggered by VC capital infusions affects local economy. We first explore the effect of Airbnb on its direct competitor, i.e., traditional hotels.
Airbnb, as a disruptor to the hotel industry, has been viewed as a potential business threat by the hotel industry. This is because Airbnb provides customized travel accommodations at a lower cost and is able to lure customers with its low prices and high flexibility in room types. We hypothesize that Airbnb has a crowding-out effect on hotel business and hence negatively affects hotel performance in counties into which it enters. Consistent with our conjecture, we find that the growth of Airbnb in a county negatively affects the local hotel business in multiple dimensions. In particular, a 10% increase in Airbnb listing in a month leads to local hotels' occupancy rate drop by 2.7%, room demand drop by 4.7%, room supply drop by 0.3%, total room revenue drop by 5.8%, revenue per sold room drop by 1.1%, and revenue per available room drop by 5.4% in three months in the county.
We next examine how Airbnb expansion affects local unemployment rate. We conjecture that Airbnb expansion could reduce unemployment rate because of at least two reasons. First, it is likely that the option of relying on Airbnb to generate income could reduce labor supply, i.e., individuals who actively search for jobs before now switch to manage their own Airbnb listings.
Second, Airbnb might increase labor demand, in particularly in industries that provide complementary services to Airbnb. Consistent with our conjecture, we find that, a 10% increase in the number of Airbnb listings leads to a 1.2% decrease in local unemployment rate. The drop in the unemployment rate is driven by an increase in employment and a drop in labor supply. In particular, a 10% increase in Airbnb listings leads to a 0.4% increase in employment and a 0.8% drop in labor force.
The decrease in unemployment is most pronounced in less-educated groups (the ones lower than high school) and least pronounced in the better-educated group of people (the ones with bachelor or more advanced degrees). This observation is consistent with the fact that Airbnb related job positions is relatively low-tech, and does not require room providers to have high levels of education. The decrease in unemployment rate is also more pronounced in groups of young and senior individuals, compared to middle-age group of individuals. This finding is perhaps due to the fact that younger and aged individuals are more likely to be in Airbnb-related service industries that require less hard skills and stamina. Finally, the decrease in unemployment rate is concentrated in administrative, support & waste management, and accommodation & food services industries. These industries are exactly the ones that are complementary to Airbnb business. The cross-sectional employment findings lend further credence to our hypothesis that Airbnb is likely to have a causal, negative effect on local unemployment rate.
Finally, we examine how Airbnb affects household income. We find that household income experiences an increase after Airbnb expansions. In particular, Airbnb expansion reduces the number of households in the low annual income bucket (i.e., annual household income lower than $50,000) and increase the number of households in the higher annual income buckets (i.e., annual household income between $50,000 and $100,000 and annual household income higher than $100,000). It appears that by offering local residents an additional channel that generates income, Airbnb increases local household income.
Our paper contributes to several strands of the literature. First, it is related to the nascent literature on the sharing economy. A limited number of papers have examined how different forms of sharing economy affect the incumbent industry. For instance, focusing on observations in one state, i.e., Texas, Zervas et al. (2015) find that Airbnb entry negatively affects the hotel industry. Sheppard and Udell (2016) study Airbnb in New York City, and find that a doubling of Airbnb listings is associated with an increase of 6% to 11% in house values. Different from the above studies, our paper examines Airbnb's impact on local employment and household income in addition to hotel performance. Our sample covers all states across the U.S. instead of just one state. There are also a few studies that focus on Uber-another sharing economy giant. For example, using individual-level data and a regression discontinuity design, Cohen et al. (2016) estimate that Uber service generates approximately $6.8 billion consumer surplus in the United
States in 2015. Dills and Mulholland (2016) find that Uber entry lowers the rate of driving under the influence (DUIs) and fatal accidents, arrests for assault, and disorderly conduct, but increases vehicle thefts. Chen et al. (2017) use high-frequency data of hourly earnings for Uber drivers and find that Uber allows drivers to earn more than twice the surplus they would in less flexible arrangements. Our paper contributes to this strand of studies on the sharing economy by documenting the real effects of Airbnb, making use of plausibly exogenous variation in Airbnb expansion generated by staggered VC capital infusions, and looking into Airbnb's effect on local employment and household income in addition to its effect on the hotel industry.
Second, our paper is related to the VC literature (see, e.g., Da Rin, Hellmann, and Puri (2013) for an excellent survey of this literature). Many studies have examined how VC financing affects the real economy, such as entrepreneurship, productivity, innovation, and employment.
For example, Samila and Sorenson (2011) find a positive impact of VC financing on aggregate employment and aggregate income. Kortum and Lerner (2000) , Mollica and Zingales (2008), and Chemmanur et al. (2014) show that increases in VC investments lead to more innovation in terms of new business creation and patents generation. Our paper contributes to this literature by showing that VC investors could spurs business model innovation and affect local economy through their investment in unicorns in a new business model -sharing economy.
The rest of the paper is organized as follows. Section 2 describes our data and sample selection, and discusses variable constructions. Section 3 reports the baseline results regarding the effects of Airbnb expansion on hotel performance. Section 4 discusses our identification strategy. Section 5 examines the effect of Airbnb on employment and household income distribution, as well as the heterogeneous effects of Airbnb expansion on local economy. Section 6 concludes.
Data and Main Variables

Airbnb
Airbnb, based in San Francisco, California and founded in August 2008, is a marketplace for people to list and book accommodations. The accommodations can be rooms, apartments, houses, etc. The hosts, who want monetize their extra space, list their accommodations on Airbnb's online platform and showcase them to the potential guests, while the guests, who want to explore an experiment in these unique space, identify and book the accommodations on the platform. Airbnb charges a 3% of service fee from room providers.
When the hosts post their accommodations on Airbnb platform, they provide detailed information of the property, including property type, county-level location, the first date that the host becomes a member of Airbnb, the name of the host, the number of bedrooms, the number of beds, the number of bathrooms and the price charged per night. Photos of the listing and guest reviews are also available on the Airbnb platform. We collect these pieces of information from the Airbnb website (www.airbnb.com).
In this study, we focus on the county-level analysis. We aggregate Airbnb data up to the county level and define a county as an "Airbnb county" if it has at least one listing by the end of 2015, and a "non-Airbnb county" otherwise. We define our key independent variable, No. of Airbnb listings, at the county-month level as follows: for a given county in a month, we count the number of listings that have been cumulatively posted on the Airbnb platform in the county and up to that month. As the entry dates of individual listings are unobservable from the platform, we use the date that their hosts become the members of Airbnb as the proxy. While we note that as the hosts take their listings on and off the platform from time to time, the Airbnb room supply fluctuates. Due to the fact that Airbnb is at the stage of exponential growth, it is reasonable to use the cumulative supply as a proxy for the instantaneous supply. For each Airbnb county, we define age as the number of months since the first listing is posted in the county on Airbnb platform. 
VC Financing Data
We obtain information on VC investment in Airbnb from the VentureXpert database.
VentureXpert provides detailed information on each round of VC financing, including financing round date, financing amount, the name of investing VCs, and the development stage of startups when they receive VC investment. Between 2009 and 2015, Airbnb receives a total of 9 rounds of financing from VCs.
The effect of Airbnb on Hotel Performance
We start our analysis by exploring the effect of Airbnb on hotel performance. We estimate the following model by using the ordinary least squares (OLS) regressions:
where i indexes county, t indexes age, and l indexes the number of months ( ∈ {1,2,3}) that the dependent variable (HP) leads the independent variables. The unit of observation in our tests is 
The Effect of Airbnb on Hotel Occupancy Rate
First, we use hotel occupancy rate, room demand, and room supply as the dependent variable (HP), and present the results from estimating regression (1) with the OLS model in panels A-C of Table 2 , respectively. We use the natural logarithm of room demand and room supply in these regressions.
[Insert (0.021*ln(99.3)) decrease in hotel occupancy rate in the second and third month, respectively.
Regarding economy condition controls, we find that counties with higher median household income are more likely to have higher hotel occupancy, suggested by the fact that the coefficient estimates on median household income are positive and significant at the 10% level in column (1) and at the 5% level in other columns. The coefficient estimates on population are positive and significant at the 1%, suggesting that larger population is associated with a higher hotel occupancy rate. The coefficient estimates on median housing values are negative and significant at the 1% and 5% level in the first and second column, respectively, suggesting that hotel occupancy rate is negatively related to local housing values.
We then turn to the demand and supply for hotel rooms to explore the causes of the negative relation between hotel occupancy rate and Airbnb supply. In panel B, we replace the dependent variable with hotel room demand and estimate equation (1). We suppress the coefficient estimates of control variables to save space. The coefficient estimates on Ln(Airbnb listings) are negative and significant at the 1% level in the second and third columns, suggesting that the demand for hotel rooms decreases significantly starting from the second month after an increase in Airbnb supply. Specifically, doubling Ln(Airbnb listings) is associated with a 3.4%
and 4.3% decrease in hotel room demand in the second and third month, respectively. In panel C, we replace the dependent variable with hotel room supply. The results show that the coefficient estimates on Ln(Airbnb listings) are not statistically significant, suggesting that hotels do not make significant adjustments to their room supply in face of an increase in Airbnb supply.
The results reported in Table 2 suggest that, on one hand, the demand on hotel rooms declines starting from the second month following an increase in Airbnb supply; on the other hand, hotels cannot make significant adjustments to increase their room supply at the same time.
Combining both effects, the increase in Airbnb supply has a significantly negative effect on hotel performance.
The Effect of Airbnb on Hotel Revenue
We next explore how Airbnb affects hotel revenue. To shed some lights on this question, we use total room revenue, revenue per sold room, and revenue per available room as the dependent variable and report the results of estimating regression (1) in panels D-E of (2) and (3), respectively. Specifically, doubling Airbnb supply is associated with a 3% and 4.2% decline in revenue per available room in the second and third month, respectively.
Results in Table 2 suggest that Airbnb has a negative effect on hotel revenue. In particular, after an increase in Airbnb supply, revenue per hotel sold room does not have significant change, but as the number of rooms sold (room demand) significantly declines, there is a significant decrease in a hotel's total room revenue. Moreover, as hotels typically cannot make significant adjustments to room supply, revenue per available room declines significantly due to the decrease in total room revenue.
Identification
A major challenge of our study is to identify the causal relation between Airbnb expansion and hotel performance. Given that an increase in Airbnb room supply is caused by the new listings posted on Airbnb platform by the hosts, and whether to post a new listing is mostly determined by the vacancy condition of the property rather than the performance of hotels, changes in Airbnb room supply are likely exogenous to hotel performance. Hence, the negative relation between Airbnb room supply and hotel performance in our baseline results are likely causal.
However, it is still possible that our baseline results are driven by reverse causality, whereby the differences in hotel performance across counties trigger the growth of Airbnb expansion. In this section, we attempt to address this endogenous concern and to establish a causal link between Airbnb expansion and hotel performance.
Our identification strategy relies on plausibly exogenous variation in Airbnb supply generated by VC capital infusions in Airbnb. VC financing significantly increases the operation funding of Airbnb, which can be used in advertising, employee hiring, office building, online platform improving, etc., and as a result, attracts more potential hosts and stimulates the growth of Airbnb room supply. One advantage of using VC financing as an instrument for Airbnb room supply is that when VCs invest in Airbnb, they do not intend to promote or demote Airbnb' expansions into specific counties. Thus, VC capital infusions in Airbnb can be considered as staggered shocks that affect Airbnb growth in all counties of the U.S.
One potential concern of using VC financing as an instrument variable for Airbnb room supply is that previous hotel performance might be one of the major considerations of VC investors when they decide whether to invest in Airbnb or not. However, our county-age data structure is able to mitigate this concern. In our framework, we define age as the number of months since the county has its first Airbnb listing. As each county has its first listing posted on Airbnb platform at different times, VC financing happens at different times (ages) for each county. Another advantage of using the variation generated by VC financing is that Airbnb receives 9 rounds of VC financing between its founding date and the end of our sample period (i.e., 2015). Thus, VC financing represents multiple shocks affecting different counties at exogenously different times (ages). This fact helps avoid a common identification difficulty faced the studies using a single and general shock, and addresses the concern that there may exist omitted variables that coincide with the VC financing and directly affect hotel performance.
First-stage Regressions
To construct the instrumental variable for Airbnb room supply, we define VC financing index, which equals 0 if the observation is before any round of VC financing, 1 if the observation is since the first VC round, 2 if the observation is since the second VC round, until 9 if the observation is since the ninth VC financing round. Considering the fact that after VC announces an investment in Airbnb, it takes time before Airbnb receives all the funding and launch the funding to daily operation, we use VC financing index in period t-3 as the instrument variable for
Ln(Airbnb listings) in period t. We estimate the effect of Ln(Airbnb listings) on hotel performance from period t+1 to t+3 by running two-stage least square (2SLS) regressions and estimating equation (1).
In In summary, we find that VC financing is significantly related to Airbnb supply, and it passes the under-identification and weak instrument tests. Hence, our proposed instrument reasonably satisfies the relevance condition.
Second-stage Regressions
In level in all columns, suggesting that an increase in Airbnb room supply leads to a decrease in hotel occupancy in the following three months. These findings are consistent with the results in Table 2 in which an OLS analysis is undertaken. While the results in Table 2 suggest that Airbnb supply does not significantly affect hotel occupancy in the first month, results in Table 4 show that, after addressing endogeneity concerns with the proposed instrument, hotel occupancy rate declines significantly immediately after an increase in Airbnb room supply.
Results in panel B are also consistent with those reported in panel B of Table 2 but are even stronger, suggesting that increasing Airbnb room supply leads to a drop in hotel room demand in all of the following three months. The coefficient estimates on Ln(Airbnb listings) in panel C are negative in all columns and significant at the 10% level in the first column and at the 1% in the third column. These findings suggest that, in response to an increase in Airbnb room supply, hotels reduce their room supply, which is not revealed in the results in Table 2 panel B.
Comparing the results in panel B and panel C, all coefficient estimates on Ln(Airbnb listings) are larger in panel B, suggesting that while both demand and supply of hotel rooms decline after an increase in Airbnb room supply, demand declines more significantly. These results help explain the decrease in hotels' occupancy rate.
In panels D and F, we find a negative effect of Airbnb supply on hotel total room revenue and revenue per available room. These results are consistent with those reported in Table 2 panels D and F. The coefficient estimates on Ln(Airbnb listings) in panel E are negative in all columns and significant at the 1% level in the second and third columns, suggesting a negative relation between Airbnb room supply and revenue per sold room, which is not revealed by the results reported in Table 2 panel E.
In summary, using VC financing index as an instrumental variable for Ln(Airbnb listings), and the 2SLS approach, we observe a negative, causal effect of Airbnb supply on hotel performance. In particular, we find that after an increase in Airbnb room supply, hotel room demand decreases, and hotels reduce their room supply. Because demand declines faster than supply does, hotel occupancy rate decreases. The decrease in revenue per sold room, combined with the decrease in room demand, results in a decrease in hotels' total room revenue. Putting these facts all together, although hotel room supply decreases, there is a decrease in revenue per available.
The Effect of Airbnb on Employment and Household Income Distribution
In this section, we explore the "bottom-line" question regarding the real effects of Airbnb:
Does Airbnb affect local employment and income distribution? On one hand, Airbnb provides the hosts a marketplace to monetize their extra space, and as a result, it changes the income structure of these individuals. For example, income collected from leasing accommodations through Airbnb might release the financial constraints of these hosts to a large extent. Thus, some of them might exit from the labor market and live on the rental income, and some of them might use the rental income to start their own businesses. On the other hand, the emergence of available accommodations and the arrivals of guests might bring changes and opportunities to local business. For example, after the guests check out, the hosts might hire cleaning and housekeeping companies to clean and maintain the rooms, which would increase job positions in, for example, waste management and remediation service industry. The arrivals of new travelers may require developments of local infrastructure, such as new restaurants, cafes, and bars, and thus create new job positions.
In this session, we try to uncover whether and how Airbnb affects local employment and household income distribution. We present the results on Airbnb's effect on employment in Session 5.1. We then explore the heterogeneity and report the results in Session 5.2. In Session 5.3, we explore Airbnb's effect on household income distribution.
The Effect of Airbnb on Employment
The We start our analysis by estimating the following model using the 2SLS regressions with the same instrumental variable we proposed before:
where i indexes county and t indexes year. The unit of observation is county-year. We use unemployment rate, the number of employed individuals, the number of unemployed individuals, and labor force as the dependent variable. We take natural logarithm for the last three variables.
The key variable of interest is Ln(Airbnb listings). We use VC financing index as the instrument variable. The set of control variables (M) includes median household income, population, and median housing values. As VC financing index is the same for each county at any given year, we do not control for year fixed effects but only county fixed effects. We cluster standard errors at the county level to control for potential serial correlations.
We report the first-stage results in column (1) of is negative and significant at the 1% level, suggesting that an increase in Airbnb supply is followed by a decrease in unemployment rate in the next year. In summary, we find that an increase in Airbnb is followed by a decrease in unemployment rate. Specifically, Airbnb growth brings new job positions so that some unemployed people become employed. At the same time, Airbnb decreases labor supply as some individuals exit from the labor market.
Heterogeneous Effects of Airbnb on Local Employment
We next explore the heterogeneous effects of Airbnb on local employment. Specifically, we examine the types of individuals who have more opportunities to get these new jobs and who are more likely to exit from the labor market. To answer these questions, we explore the heterogeneity of Airbnb's effect on local employment in a few dimensions based on employee characteristics, including education levels and age. To complement the labor force data of the BLS, we retrieve labor market statistics from the Quarterly Workforce Indicators (QWI)
provided by the Census. The QWI provides a unique job-level data set that links employees to their employers. The labor market data provided by the QWI include employee gender, age, education, and race/ethnicity, as well as employer industry and location. The QWI data come from the Longitudinal Employer-Household Dynamics (LEHD), which covers over 95% of private sector jobs in the U.S.
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The first dimension we explore is employees' education level. We retrieve employee data at the education-county-year level from the QWI, including the number of employees and total payroll. We use group employment, payroll per employee, and group payroll proportion as the dependent variable in each panel of Table 6 , respectively. Group employment is measured by the logarithm of the number of employees in an education level group. Payroll per employee is measured by the logarithm of total payroll received by all employees in an education level group divided by the number of employees in the group. Group payroll proportion is measured by total payroll received by employees in a group divided by total payroll received by employees in all groups. There are four education groups, i.e., less-educated group (lower than high school), high school group (high school or equivalent), associate degree group (some college or associate degrees), and bachelor's group (bachelor's or advanced degrees). We report the results for each education-level group in Table 8 .
In panel A of Table 6 , we show that the coefficient estimates of Ln(Airbnb listings) are positive and significant at the 1% level in all columns, suggesting that Airbnb growth is associated with new job positions to employees among all education groups. The economic significance, however, varies across different groups of education levels. The magnitude of Ln(Airbnb listings) for less-educated group is more than 20 times larger than that for the bachelor's group, more than 3 times larger than that for the high school group and associate degree group. This observation suggests that Airbnb growth benefits less-educated individuals most, and leads to the largest increase in less-educated job positions.
In panel B, we report the results of using payroll per employee as the dependent variable.
The coefficient estimates on Ln(Airbnb listings) are positive and significant at that 1% level in all columns, suggesting that Airbnb growth is associated with a growth in payroll per employee.
We find that the magnitude of the Ln(Airbnb listings) coefficient decreases as the education level increases: Payroll per employee increases most for less-educated employees, and less for more well-educated employees. The growth of payroll per employee for less-educated employees is more than twice larger for employees who have bachelor or advanced degrees.
In panel C, we present the results with group payroll proportion as the dependent variable.
Coefficient estimates of Ln(Airbnb listings) are significantly positive in the first two columns and significantly negative in the last two columns. These findings suggest that total payroll received by employees with high school or lower education increases, while payroll received by employees with higher education decreases. The magnitudes of coefficient estimate suggest that payroll received by less-educated employees increases to the largest degree, and payroll received by employees with bachelor and advanced degree decreases most. These observations suggest that total payroll flows from well-educated individuals to ones with relatively lower level of education.
In summary, an increase in Airbnb supply is associated with growth in employment and payroll per employee for all employees, but the effect of Airbnb on each education group varies.
Both the number of employees and payroll per employee increase the most for less-educated individuals. The results suggest that total payroll flows from better-educated individuals to lesseducated individuals.
The second dimension of heterogeneity we explore is employee age. Each employee is assigned to one of three groups, including the young group (age 14-34), mid-aged group (age 35-54), and senior group (age above 55). We report the results for each group in Table 7 . In panel A, we find that the coefficient estimate on Ln(Airbnb listings) is significantly negative in column (2), and are significantly positive in the other two columns. These findings suggest that employment is reduced for mid-aged employees, but increase for young and senior individuals. The drop of employment in mid-aged group might be due to the fact that rental income from Airbnb listings improves their financial conditions, and thus some of them exit from the labor market and live on the rental income. The drop might also be due to the drop in employment in some industries that are less related to Airbnb. Together with the coefficient estimates with the other two groups of individuals, it exhibits a "U-shaped" relation between individual age and employment, with an increase in employment for young and senior individuals.
Job growth for mid-aged individuals is the largest, more than three times larger than that of young individuals. This finding suggests that Airbnb could provide more low-end jobs that do not require a sophisticated skill set, which fits the characteristics of individuals who are currently around and above the retirement age. As a result, aged individuals benefit more in terms of employment compared to other groups of individuals.
Panel B presents the results with payroll per employee as the dependent variable. The coefficient estimate on Ln(Airbnb listings) is significantly positive in all columns, suggesting that after an increase in Airbnb supply, payroll per employee increases for employees in all age groups. The magnitudes of the coefficient estimates in all groups are at the similar level.
Results in panel C show that the coefficient estimates on Ln(Airbnb listings) are significantly positive in young group and senior group, and are significantly negative in midaged group. These results are consistent with our earlier findings that employment increases in young and senior group individuals but decrease in mid-aged group individuals, suggesting that total payroll flows from employees with mid-aged employees to young and senior employees.
In summary, we find that an increase in Airbnb supply is associated with the growth in payroll per employee for employees in all age groups. The number of employees decreases for mid-aged employees and increases for younger and more senior employees. Consistently, total payroll flows from mid-aged employees to younger and more senior employees.
The Effects of Airbnb on Household Income Distribution
The growth of Airbnb affects both the hosts and local residents. On one hand, the hosts collect rental income by leasing out their properties. On the other hand, findings above indicate that local employment and average payroll increase after an increase in Airbnb room supply. In this session, we explore another bottom-line question: the effect of Airbnb expansion on local household income distribution.
We obtain household income data from the Statistics of Income (SOI) division of Census.
The SOI collects data from the individual income tax return records (Forms 1040) from the Internal Revenue Service (IRS) Individual Master File (IMF) system. 7 Based on the adjusted gross income, each household that has non-zero income is assigned to one of the three following income categories: $1-$50,000, $50,000-$100,000, and above $100,000. The SOI provides data on the number of households and adjusted gross income for each category and the data are available at the county-year level. For each category, we measure income per household using the adjusted gross income divided by the number of households; we measure category income proportion as the adjusted gross income in the category divided by the sum of adjusted gross income in all categories. We use the number of households, income per household, and category income proportion as the dependent variable in Table 8 , respectively.
Results in panel A of Table 8 show that the coefficient estimates on Ln(Airbnb listings)
are significantly negative in the $1-$50,000 category, significantly positive in the $50,000-$100,000 category and the above $100,000 category, suggesting that the number of households with annual income lower than $50,000 decreases and the number of households that have income above $50,000 increases. These findings are consistent with our earlier observations that unemployment rate for less-educated individuals decreases. With the rental income collected from leasing out rooms through Airbnb and income from new jobs created by Airbnb-related industries, the number of lower-income households shrinks and that of higher-income households expands.
In panel B, we use income per household as the dependent variable. The coefficient estimates on Ln(Airbnb listings) are significantly positive in all categories. These findings suggest that after an increase in Airbnb room supply, average income increases for households in all income categories. The magnitude of Ln(Airbnb listings) coefficient estimate is largest for the lower-income category, suggesting that the low-income households benefit more from the increase in Airbnb expansion.
We present the results with category income proportion as the dependent variable in panel C. The coefficient estimates on Ln(Airbnb listings) are significantly negative in the first two columns and significantly positive in the last column, suggesting that following Airbnb expansion, the proportion of total gross income for households with income above $10,000
increases.
In summary, we find that after an increase in Airbnb supply, the number of lower-income households decreases while the number of higher-income households increases. Average income increases for all households but increases the most for lower-income households. Overall, our findings suggest that Airbnb helps increase social welfare by enhancing households' income, especially for low-income households.
Heterogeneous Effects across Industry
In this section, we further explore heterogeneity in our baseline findings cross different industries to shed some light on the underlying mechanisms through which Airbnb affects employment and income.
We conjecture that industries that are related to Airbnb guests and hosts might have more Table 9 .
Results in panel A of Table 9 show that the coefficient estimates of Ln (Airbnb listings) are positive and significant at the 1% level in all columns, suggesting that the growth in Airbnb is followed by an increase in employment in these 4 industries. These findings are consistent with our conjecture. The magnitudes of the coefficient estimates in columns (1) and (2) 
Conclusion
In this paper, we have explored the real effects of sharing economy that has risen rapidly in recent years. Specifically, we examine how Airbnb, a pioneering sharing company, affects local economy. Using venture capital infusions as plausibly exogenous shocks to Airbnb's expansion into a new county, we find that Airbnb expansion leads to poorer hotel performance in the local county. Meanwhile, Airbnb expansion appears to reduce unemployment rate and increase household income. Further analysis suggests that increased employment is concentrated in industries that are complementary to Airbnb's business and in employee groups with lower education levels. Our study sheds new light on the real effects of the sharing economy and provides important policy implications for policymakers. (1)- (3), dependent variable one-month, two-month, and three-month leads independent variables, respectively. Ln(Airbnb listings) is measured by the natural logarithm of the number of Airbnb listings in a county in a month. Control variables include median household income, population, unemployment rate and median housing values. Median household income, population and median housing values are in the form of natural logarithm. All specifications include county fixed effect, age fixed effect, and first year-month fixed effect. For each county, age is measured by the number of months since the first listing posted on Airbnb platform; first year-month is measured by the year-month of the county's first listing posted on Airbnb platform. All variables are winsorized at 1 st and 99 th percentiles. Standard errors are clustered at county level, and are reported in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. (Airbnb listings) . In each panel, we use group employment, payroll per employee, and group payroll proportion as dependent variable, respectively. Group employment is measured by the log logarithm of the number of employees in an education group. Payroll per employee is measured by the log logarithm of total payroll received by all employees in an education group divided by the number of employees in that group. Group payroll proportion is measured by total payroll received by employees in a group divided by total payroll received by all employees in all groups. We report the results of each of the four education groups, including less-educated group (less than high school), high school group (high school or equivalent), associate degree group (some college or associate degree), and bachelor's degree group (bachelor's or advanced degree) in each column, respectively. Dependent variables one-year lead independent and instrument variables. Ln(Airbnb listings) is measured by the natural logarithm of the number of Airbnb listings in a county in a year. VC financing index is 0 before any round of financing, 1 since the first round, 2 since the second round, until 9 since the ninth round. (Airbnb listings) . In each panel, we use the number of households, income per household, and group income proportion as dependent variable, respectively. Income per household is measured by the log logarithm of total income received by all households in an income class divided by the number of household in that class. Class income proportion is measured by total income received by households in an income class divided by total income received by all households in all classes. We report the results of each of the three household income classes, including class $1-$50,000, class $50,000-$100,000, and class above $100,000 in each column, respectively. Dependent variables one-year lead independent and instrument variables. Ln(Airbnb listings) is measured by the natural logarithm of the number of Airbnb listings in a county in a year. VC financing index is 0 before any round of financing, 1 since the first round, 2 since the second round, until 9 since the ninth round. Control variables include median household income, population and median housing values. Median household income, population and median housing values are in the form of natural logarithm. All specifications include county fixed effects. All variables are winsorized at 1 st and 99 th percentiles. Standard errors are clustered at county level and are reported in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. 
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